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Radio-Map-Based Robust Positioning Optimization
for UAV-Enabled Wireless Power Transfer
Xiaopeng Mo, Yuwei Huang, and Jie Xu
Abstract—This letter studies an unmanned aerial vehicle
(UAV)-enabled wireless power transfer (WPT) system, in which a
UAV-mounted energy transmitter (ET) optimizes its positioning
locations over time to efficiently charge a set of energy receivers
(ERs) distributed on the ground. Different from conventional
designs based on deterministic (e.g., line-of-sight (LoS)) or
stochastic (e.g., probabilistic LoS) channel models, we consider
a new radio-map-based design approach, in which the UAV
exploits the information of channel propagation environments
for efficient positioning optimization. By practically assuming
that the UAV only partially knows the ERs’ locations, our
objective is to maximize the minimum energy transferred to
all ERs over a particular charging duration that is sufficiently
long. By applying the robust optimization and Lagrange duality
method, we obtain an efficient solution to the minimum energy
maximization problem, which has an interesting multi-location-
positioning structure. Numerical results show that our proposed
radio-map-based robust design significantly improves the WPT
performance, as compared to conventional designs based on LoS
and probabilistic LoS channel models.
Index Terms—Unmanned aerial vehicle (UAV), wireless power
transfer (WPT), positioning optimization, radio map, robust
optimization.
I. INTRODUCTION
Motivated by recent advancements in both unmanned aerial
vehicles (UAVs) [1] and wireless power transfer (WPT) [2],
UAV-enabled WPT has emerged as a new technique to provide
convenient and cost-effective energy supply for massive low-
power devices in future Internet-of-things (IoT) networks
[3]. In this technique, UAVs are dispatched as aerial energy
transmitters (ETs) to wirelessly charge energy receivers (such
as sensors and IoT devices) distributed on the ground. Re-
cently, UAV-enabled WPT has also been extended to other
applications such as UAV-enabled wireless powered commu-
nication networks [4]–[6] and wireless-powered mobile-edge
computing [7].
By exploiting UAVs’ controllable mobility, positioning and
trajectory designs have been recognized as an important solu-
tion for the UAV to increase the transferred energy amounts
towards multiple ground energy receivers (ERs). In the UAV
positioning/trajectory design literature, prior works normally
assumed line-of-sight (LoS) (see, e.g., [3], [4]) or probabilistic
LoS channel models (see, e.g., [8], [9]) for air-to-ground
wireless links, and also assumed that the UAV perfectly knows
the exact locations of ground nodes (ERs of our interest).
These assumptions, however, may not be true in practice. First,
the deterministic LoS channel model is only applicable in open
areas with no obstacles around ERs, while the probabilistic
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LoS channel model only captures the stochastic property of
wireless environments over a large area. For practical scenarios
with obstacles like trees or buildings around, these models can-
not characterize the exact channel propagation environments.
Next, due to the limited accuracy of practical localization
methods (e.g., global positioning systems (GPS)), the UAV
may only partially know the ERs’ location information with
certain errors. Thus, how to optimize the UAV’s positioning or
trajectory design under practical channel setups with imperfect
ERs’ location information is a challenging problem that is not
well addressed yet.
In particular, this letter studies the positioning optimization
in a UAV-enabled WPT system over a sufficiently long charg-
ing duration1, in which one UAV optimizes its positioning
locations over time to efficiently charge multiple ERs on
the ground. It is assumed that the UAV partially knows the
ERs’ locations, subject to norm-bounded errors. Furthermore,
different from prior works considering LoS or probabilistic
LoS channels, we consider a generic channel model, and
suppose that the UAV is aware of the exact channel propa-
gation information by using the radio map technique [10]–
[12]. Under this setup, we aim to maximize the minimum of
the energy transferred to all ERs by optimizing the UAV’s
positioning locations over time. Although this problem is
non-convex and difficult to solve in general, we present
an efficient algorithm to find a high-quality multi-location-
positioning solution via the robust optimization and Lagrange
duality method. Numerical results show that by efficiently
exploiting the channel propagation information, our proposed
radio-map-based robust design achieves significantly higher
WPT performance, as compared to conventional designs based
on LoS and probabilistic LoS channel models.
II. SYSTEM MODEL
In this letter, we consider a UAV-enabled multiuser WPT
system, where a UAV is dispatched as an aerial ET to
wirelessly charge a set K , {1, ...,K} of ground ERs over a
given duration T that is sufficiently long. Let wk = (xk, yk)
denote the horizontal location of ER k ∈ K. It is assumed that
the UAV only knows the approximated location of each ER k,
denoted by w¯k = (x¯k, y¯k), with the maximum location error
being ǫ > 0. We thus have wk ∈ Ak = {wk| ‖ wk − w¯k ‖≤
ǫ}, ∀k ∈ K, where ‖·‖ denotes the Euclidean norm of a vector.
The UAV is assumed to fly at a constant altitude H > 0 in
meter (m) with the horizontal location q(t) = (x(t), y(t)) at
time t, which is time-varying in general due to the UAV’s
1In general, for a practical WPT area of tens or hundreds of square meters,
the charging duration (e.g., several or tens of minutes) is significantly longer
than the duration for the UAV to fly around this area (e.g., several seconds).
Therefore, it is practically relevant to assume the charging duration to be
sufficiently long, such that the flying duration is negligible.
2mobility. As the charging duration T is sufficiently long, we
omit the flying time from one positioning location to another,
and only consider the optimization of positioning or hovering
locations and their corresponding durations. Accordingly, the
distance between the UAV and ER k ∈ K at time t is denoted
as d(q(t),wk) =
√
H2 + ‖q(t)−wk‖2 .
We consider a generic path loss model, in which the channel
power gain from the UAV to ER k ∈ K at time t is given by
hk(q(t),wk) =
β(q(t),wk)
d(q(t),wk)α(q,wk)
=
β(q(t),wk)
(H2 + ‖q(t)−wk‖2)α(q(t),wk)/2
, (1)
where β(q(t),wk) denotes the channel power gain at a
reference distance of d0 = 1 m, and α(q(t),wk) denotes
the path loss exponent. Notice that under our generic model,
the parameters β(q(t),wk) and α(q(t),wk) are dependent
on the UAV’s location q(t) and ER k’s location wk, due to
different propagation conditions over this area. It is assumed
that for any given wk, when the distance d(q(t),wk) in-
creases, the parameter β(q(t),wk) decreases monotonically
and α(q(t),wk) increases monotonically, thus leading to
larger path loss. This is practically relevant, due to the fact that
if d(q(t),wk) increases, then the elevation angle decreases,
and accordingly, there will potentially exist more obstacles
blocking the communication link [10], [12]. Notice that our
considered channel model in (1) captures the segmented path
loss model in [12] , as well as the LoS [3]–[7] and probabilistic
LoS path loss models [8]–[10] as special cases. To exploit the
channel propagation information, we consider that the UAV
can adopt the radio map technique [11] to efficiently acquire
the detailed geographical channel information (i.e., the path
loss exponent α(q(t),wk) and the reference channel power
gain β(q(t),wk) under different locations). In practice, such
information can be obtained by the UAV or other cooperating
nodes a priori via spectrum sensing together with machine
learning techniques [10].
Under this setup, the transferred radio frequency (RF) power
towards each ER k ∈ K at time t is given by
Qk(q(t),wk) = hk(q(t),wk)P =
β(q(t),wk)P
d(q(t),wk)α(q(t),wk)
, (2)
where P > 0 denotes the fixed transmit power at the UAV.
As a result, the total RF energy received by each ER k ∈ K
during the whole charging duration is expressed as
Ek({q(t)},wk) =
∫ T
0
Qk(q(t),wk)dt. (3)
Our objective is to maximize the worst-case minimal energy
transferred to all ERs over the whole charging duration, by
optimizing the UAV’s positioning locations {q(t)} over time,
subject to the ERs’ bounded location errors. Therefore, the
problem of our interest is formulated as
(P1) : max
{q(t)}
min
k∈K
min
wk∈Ak
Ek({q(t)},wk).
By introducing an auxiliary variable E, problem (P1) can be
equivalently expressed as
(P1.1) : max
{q(t)},E
E
s.t. min
wk∈Ak
Ek({q(t)},wk) ≥ E, ∀k ∈ K. (4)
Notice that optimally solving problem (P1) or (P1.1) is very
challenging in general. First, (P1) or (P1.1) is a non-convex
optimization problem as the objective function in (P1) is not
concave or the constraints in (4) are non-convex. Second, the
uncertainty in ERs’ locations brings an infinite number of
constraints in (4) that are difficult to be dealt with. Third, the
energy function Ek({q(t)},wk) is generally not a continuous
function under our generic path loss model.
III. PROPOSED SOLUTION TO PROBLEM (P1) OR (P1.1)
In this section, we propose an efficient algorithm to solve
(P1.1). We first deal with the uncertainty in ERs’ locations
wk’s, and then obtain the optimal solution of transformed
problem by applying the Lagrange duality method.
First, we deal with the uncertainty issue on location variable
wk of each ER k, so as to transform the left-hand-side of
constraint (4) into deterministic functions. This, however, is
a difficult task, as each ER’s location wk is coupled with
the UAV’s trajectory {q(t)}. To tackle this challenge, we first
obtain the minimum of Qk(q(t),wk) under any given q(t) at
time t, i.e.,
min
wk∈Ak
Qk(q(t),wk). (5)
Notice that under any given ER location wk, the path loss
exponent α(q(t),wk) and the reference path loss β(q(t),wk)
are monotonically increasing and decreasing with respect to
the distance d(q(t),wk), respectively. Thus, under any given
q(t), problem (5) is equivalent to maximizing d(q(t),wk),
i.e.,
max
wk∈Ak
‖q(t)−wk‖. (6)
It is easy to verify that the optimality of problem (6) is attained
when w∗k(q(t)) = w¯k + ǫ
w¯k−q(t)
‖w¯k−q(t)‖
, which means that the
worst-case location w∗k(q(t)) is ǫ meters far away from the
approximated location w¯k in the direction of
w¯k−q(t)
‖w¯k−q(t)‖
. By
substituting w∗k(q(t)) into (5), the worst-case power trans-
ferred to each ER k at time t is thus expressed as
Qˆk(q(t)) =
β(q(t),w∗k(q(t)))P
(H2 + ‖ ‖q(t)− w¯k‖+ ǫ‖2)α(q(t),w
∗
k
(q(t)))/2
.
(7)
By replacing min
wk∈Ak
Ek({q(t)},wk) in (4) as
∫ T
0 Qˆk(q(t))dt,
we thus transform problem (P1.1) as
(P2): max
{q(t)},E
E
s.t.
∫ T
0
Qˆk(q(t))dt ≥ E, ∀k ∈ K. (8)
Next, we proceed to solve problem (P2).Though problem
(P2) is still non-convex with non-continuous and non-convex
constraint functions, it satisfies the so-called time-sharing
3condition in [13]. Thus, the strong duality holds between
(P2) and its Lagrange dual problem. As a result, we solve
problem (P2) optimally according to the Lagrange duality
method [14]. Notice that a similar approach has been used
for solving the minimum energy maximization problem under
infinite charging duration and free-space channel model in [3].
Let λk ≥ 0, k ∈ K, denote the dual variable associated with
the k-th constraint in (8). Then the Lagrangian of (P2) is
L(q(t), E, {λk}) = (1 −
∑
k∈K
λk)E +
∫ T
0
∑
k∈K
λkQˆk(q(t))dt.
(9)
Accordingly, the dual function of (P2) is
g({λk}) = max
{q(t)},E
L(q(t), E, {λk}). (10)
As
∑
k∈K λk = 1 must hold for g({λk}) to be bounded from
above, the dual problem of (P2) is
(D2): min
{λk≥0}
g({λk})
s.t.
∑
k∈K
λk = 1. (11)
In the following, we first solve problem (10) under any given
feasible {λk} to obtain g({λk}), then find the optimal {λk}
to minimize g({λk}), and finally construct the optimal primal
solution to (P2).
Under any given feasible {λk}, we first decompose problem
(10) into the following two sets of subproblems.
max
E
(1−
∑
k∈K
λk)E (12)
max
q(t)
∑
k∈K
λkQˆk(q(t)), ∀t ∈ (0, T ] (13)
As for subproblem (12), since
∑
k∈K λk = 1 holds, its objec-
tive value is always zero, and thus we can arbitrary choose any
real number as the optimal (but non-unique) E{λk}. On the
other hand, notice that the subproblems in (13) are identical
for all t ∈ (0, T ]. In this case, we adopt a two-dimensional
(2D) exhaustive search over the region [x, x] × [y, y], with
x = min
k∈K
xk , x = max
k∈K
xk , y = min
k∈K
yk and y = max
k∈K
yk
to find the optimal solution as q{λk}. By substituting q{λk}
into (10), the dual function g({λk}) is obtained. Notice that
if the optimal solution of q{λk} to (13) is non-unique, we can
arbitrarily choose any one of them to obtain the dual function.
Next, with g({λk}) obtained, we solve the dual prob-
lem (D2). As the dual function g({λk}) is always convex
but generally non-differentiable, we solve (D2) by utilizing
subgradient-based methods, such as the ellipsoid method [15].
We denote the obtained optimal dual solution to (D2) as {λ⋆k}
and corresponding optimal positioning as q{λ
⋆
k}.
Based on the optimal {λ⋆k}, we still need to construct
the optimal solution to (P2). If the optimal solution q{λ
⋆
k}
is unique, it is also the optimal solution to problem (P2),
and the corresponding optimal minimum-energy is E⋆ =
Qˆk(q
{λ⋆k})T . Otherwise, we need to time-share among these
optimal solutions by allowing the UAV to hover above each
location with a certain duration to be optimized. Suppose that
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Fig. 1. Optimized UAV positioning locations with K = 2 ERs, in
which the blue cube denotes an obstacle.
there are Γ ≥ 1 optimal UAV positioning solutions to problem
(13) under {λ⋆}, denoted by {q⋆γ}
Γ
γ=1, and let τγ denote the
hovering duration at (q⋆γ , H). When the UAV stays at q
⋆
γ , let
Qˆk(q
⋆
γ) denote the received RF power at each ER k ∈ K.
Then, the optimal E⋆ and {τ⋆γ } can be obtained by solving
the following problem.
(P3): max
{τγ≥0},E
E
s.t.
Γ∑
γ=1
τγQˆk(q
⋆
γ) ≥ E, ∀k ∈ K (14)
Γ∑
γ=1
τγ = T. (15)
Problem (P3) is a linear program, which can thus be solved
by using the interior point method [14].
Finally, with {τ⋆γ } and E
⋆ at hand, we divide the whole
charging duration T into Γ portions, denoted by periods
T1, ..., TΓ, where Tγ = (
∑γ−1
i=1 τ
⋆
γ ,
∑γ
i=1 τ
⋆
γ ] with duration
τ⋆γ , γ ∈ {1, ...,Γ}. Then, we have the obtained solution in
the following proposition.
Proposition 3.1: The optimal solution to (P2) or the obtained
solution to (P1) is given as q⋆(t) = q⋆γ , ∀t ∈ Tγ , γ ∈
{1, ..., T }, and the correspondingly achieved minimum-energy
is E⋆. It is evident that the obtained trajectory has an interest-
ing multi-location-positioning structure, i.e, the UAV should
be positioned among different locations over time, instead of
always staying at a single location.
IV. NUMERICAL RESULTS
This section provides numerical results to validate the per-
formance of our proposed radio-map-based robust positioning
design. In the simulation, we consider the segment propagation
channel model [12], where if there are obstacles between the
UAV and ER k, the channel follows a NLoS model with the
path loss exponent being αNLoS = 4 and reference channel
power gain being βNLoS = 10
−4, and otherwise, the channel
is LoS with the path loss exponent being αLoS = 2.3 and
reference channel power gain being βLoS = 10
−3. Unless
otherwise stated, we set the UAV altitude as H = 5 m, the
maximum transmit power as P = 10 W and the prespecified
ER location error as ǫ = 1 m. For performance comparison,
we also consider the conventional LoS channel and proba-
bilistic LoS channel, where we set the channel parameters as
α0 = 2, β0 = 10
−3, A = 10, B = 0.6 and η = 0.1, which
approximately match our obstacles’ distribution (please refer
to [8] on the details of the channel parameters).
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Fig. 2. The common received power at each ER with K = 2 ERs.
First, we consider the case with K = 2 ERs as shown
in Fig. 1, where there is one obstacle (i.e., the blue cube)
between the two ERs with height 4.5 m. It is observed that
when the two ERs’ distance is short (e.g., Cases 1 and 2),
the optimized UAV positioning locations under the radio-map
based design are different from those based on conventional
LoS and probabilistic LoS models, in order to avoid the link
blocking due to obstacles. By contrast, when the ERs’ distance
becomes large (e.g., Case 3), the three approaches are observed
to lead to similar positioning locations. Fig. 2 shows the
average minimum or common received power versus the ERs’
distance. It is observed that when the distance is sufficiently
large, the performances under the three schemes are almost
same. When the distance becomes shorter, our proposed radio-
map-based channel is observed to considerably outperform
the conventional designs with LoS and probabilistic LoS
channels. This is consistent with Fig. 1, in which our proposed
design can efficiently find UAV positioning locations with
LoS links to ERs, by exploiting the exact channel propagation
information based on the radio map.
Next, we consider the setup with K = 5 ERs located in an
area of 10×10 square meters as shown in Fig. 3, in which the
blue cubes denote the obstacles (e.g., trees) with height 4.5 m.
It is observed that under the radio-map-based design, there are
three optimal positioning locations, which are close to ERs 1-
2, ERs 3-4, and ER 5 with LoS connections, respectively. By
contrast, under the LoS/probabilistic LoS channel models, the
links between the UAV and ground ERs 1-4 are observed to
be blocked by obstacles, resulting in severe performance loss.
This is because either the deterministic LoS or the stochastic
probabilistic LoS channel models cannot capture the specific
features of the real channel environment, which comprises
the performance. Fig. 4 shows the average minimum energy
transferred to the K ERs versus different transmit power
P . It is observed that radio-map-based approach achieves
approximately 100% performance gain over the other two
approaches in the case with P = 10 W and 40% in the case
with P = 15 W.
V. CONCLUSION
This letter studied a new radio-map-based robust positioning
optimization approach for a UAV-enabled multiuser WPT sys-
tem. We maximized the minimum energy transferred to all ERs
over a sufficiently long charging period, by assuming that the
UAV only partially knows the ER’s locations. We proposed to
use the radio map technique to acquire the channel propagation
information, and then adopted the robust optimization and
Lagrange duality method to solve this problem efficiently.
Numerical results showed that our proposed radio-map-based
design achieved significant performance gains against other
benchmark designs under LoS and probabilistic LoS channels.
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Fig. 3. Optimized UAV positioning locations with K = 5 ERs, in
which blue cubes denote obstacles.
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This is due to the fact that our proposed design can better ex-
ploit the channel propagation environment information, while
the LoS/probabilistic LoS models generally mismatch with the
real radio environment.
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